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13 Volcanoes produce widely varying seismic signals due to the presence of complex and non-
14 linear physical processes. The temporal distribution of seismicity at volcanoes ranges from 
15 individual transients to swarms of many small events and protracted volcanic tremor. The 
16 spectral range of volcanic signals is unequivocally broadband, with coincident high (> 20 Hz) 
17 and very low (down to periods of hundreds of seconds) frequency signals frequently observed 
18 at many volcanic systems. As such, interpretations of volcano-seismic source and process 
19 require suitable characterisation in the time-frequency (T-F) domain. The adoption of 
20 automated approaches to routine seismic processing at volcanoes also creates the need to 
21 evaluate how we suitably extract discriminatory features of interest from such diverse volcano-
22 seismic signals.
23
24 Here we assess the performance of the continuous wavelet transform (CWT) for spectral 
25 representations of volcano-seismic signals. The localisation property of wavelet transforms 
26 gives the CWT a distinct advantage over commonly used moving-window Fourier transforms, 
27 enabling it to capture sharp changes in signal and represent signals over a wide range of 
28 timescales. Examination of seismic data for typical volcano-seismic phenomena, such as 
29 volcano-tectonic earthquakes (VTs), shows that CWT scalograms have better T-F resolution 
30 across broader frequency ranges than Fourier transform spectrograms, which suffer from 
31 greater spectral smearing in the time domain at higher frequencies. The inherent log-scale 
32 representation of CWT scalograms is also better suited for detection and representation of very-
33 long-period (VLP) signals and for distinguishing volcanic signals from ambient microseismic 
34 noise.
35
36 When applied to seismic data from Santiaguito volcano in Guatemala, CWT analysis reveals 
37 pre- and syn-eruptive signals across a wide range of frequency bands, ranging from 600 s to 50 
38 Hz, with ultra-long-period signals (ULPs; 30 to 600 s) detected on instruments up to 1.9 km 
39 from the active vent, which is beyond the range of previously detected ULPs at this volcanic 
40 system. The CWT scalogram conveniently represents these simultaneous syn-eruptive spectral 
41 features in a single plot, which can aid exploratory analysis and inform source models. 
42 Furthermore, the ‘edge detection’ capabilities of the CWT accurately identify sharp changes in 
43 the raw signal over the VLP-ULP frequency range (5 to 600+ s), thought to represent sudden 





























































45 The addition of an average wavelet energy distribution to CWT scalograms, which reveals the 
46 average energy across the whole signal at each wavelet scale, is also useful for characterising 
47 spectral content and identifying spectral peaks, as its smooth appearance is easier to interpret 
48 than FFT spectral amplitude plots.
49
50 We conclude that wavelet transform methods are underutilised in volcano seismology, where 
51 their T-F localisation properties would be particularly well-suited, and suggest potential 































































55 Spectral analysis forms a key part of interpreting volcano-seismic signals. Eruptions are almost 
56 always preceded by changes in seismicity (McNutt and Roman, 2015) – understanding and 
57 characterising patterns of seismicity can therefore reveal important information regarding the 
58 likelihood, timing and severity of eruption (e.g., Chouet and Matoza, 2013; McCausland et al., 
59 2017; McNutt, 1996; Phillipson et al., 2013; Power et al., 1992). The complex nature and high 
60 occurrence rates of pre- and syn-eruptive seismicity make manual analysis of volcanic-seismic 
61 events extremely time-consuming and has stimulated development and deployment of 
62 automated approaches to detect and classify volcano-seismic events (e.g., Maggi et al., 2017; 
63 Soubestre et al., 2018). Such methods, however, often require suitable extraction of signal 
64 features of interest in order to adequately identify a diverse range of volcanic event types. 
65 Localising subtle changes in frequency content through time also provides information on the 
66 shallow dynamics of a volcanic system (e.g., Johnson et al., 2018) and can help constrain 
67 inversions for source parameters. Thus, the need arises to evaluate the most meaningful way to 
68 characterise the time-varying spectral content of volcano-seismic signals and how it relates to 
69 source mechanism and eruption likelihood.
70
71 Signals are generally transformed into the 1-D spectral domain through implementation of 
72 Fourier transforms, in particular the fast Fourier transform algorithm (FFT; Cooley and Tukey, 
73 1965). However, as seismic event classification at volcanoes is based on both frequency- and 
74 time-dependent characteristics of a signal (e.g., impulsive vs. emergent, duration of dominant 
75 frequencies, coda length, rate of occurrence), a spectral decomposition in 2-D time-frequency 
76 (T-F) space is typically required. In practice, this is usually achieved using sliding window 
77 Fourier techniques, such as the short-time Fourier transform (STFT), which calculate the 
78 Fourier transform over smaller, overlapping, finite-length time windows. However, these 
79 techniques require segmentation of the signal into windows of fixed length, and thus suffer 
80 from a T-F resolution trade-off: short windows provide relatively good time resolution but at 
81 the cost of poorer frequency resolution and truncate the overall determinable spectral range; 
82 conversely, long time windows more accurately determine the spectral components of a signal 
83 and extend the determinable spectral range but changes in the time domain are averaged across 
84 the long window length, leading to ‘smearing’ (Addison, 2016; Chakraborty and Okaya, 1995; 
85 Tary et al., 2014). This is particularly problematic with volcano-seismic signals, where the 





























































87 Lahr et al., 1994) to so-called very- and ultra-long period features (< 0.01 Hz or, equivalently, 
88 > 100 s period; Aster et al., 2008; Chouet et al., 2005; D’Auria et al., 2006; Genco and Ripepe, 
89 2010; Kawakatsu et al., 2000; Sanderson et al., 2010). Furthermore, the infinite (or non-
90 localised) reach of the sine and cosine functions that make up the basis of standard Fourier 
91 transforms are ill-equipped to handle sharp changes and transient features, resulting in 
92 insufficient T-F localisation of event onsets, phase arrivals or other signal features of interest 
93 and the generation of spurious harmonics (Bowman and Lees, 2013).
94
95 To be of most use, spectral estimation techniques for volcano-seismic studies must therefore 
96 be adaptable to broadband frequency scales, with basis functions that match varying signal 
97 criteria (i.e., not just sines and cosines) and that are well-localised in both the time and 
98 frequency domains. These requirements are well met by wavelet transforms, which employ 
99 basis functions that are localised in both time and frequency space, providing sparser 
100 representations and better T-F resolution across a wide range of timescales.
101
102 In this study we critically assess the suitability of the continuous wavelet transform (CWT) for 
103 spectral representations of volcano-seismic signals and present guidelines for its use in routine 
104 processing. Those familiar with the concepts of Fourier and wavelet transforms can skip 
105 Section 2, which provides a brief conceptual background. The subsequent sections compare 
106 the Fourier transform and CWT for the analysis of ‘typical’ volcano-seismic signals previously 
107 presented by McNutt and Roman (2015) and apply the CWT to a case study from the 
108 continuously active Santiaguito volcanic dome complex in Guatemala, where wide ranging 
109 spectral signals have previously been identified (e.g., Johnson et al., 2014; Sanderson et al., 
110 2010). The paper concludes with a discussion of utility, performance and further potential 































































114 In this section, we provide a brief conceptual background on Fourier and wavelet transforms, 
115 along with a description of the Morlet wavelet used in our analyses.
116
117 2.1 FOURIER TRANSFORM
118
119 The wavelet transform is strongly linked to the Fourier transform, in that both are derived from 
120 the inner product of a signal, , with a template function, :𝑥(𝑡) 𝜓(𝑡)
121
〈𝑥(𝑡),𝜓(𝑡)〉 =  ∫𝑥(𝑡)𝜓 ∗ (𝑡)𝑑𝑡, (2.1)
122
123 where  is the complex conjugate of . This inner product operator essentially 𝜓 ∗ (𝑡) 𝜓(𝑡)
124 measures the similarity between the signal, , and the template function, . In the case 𝑥(𝑡) 𝜓(𝑡)
125 of the Fourier transform, this template function is the complex sine and cosine function, :𝑒𝑖𝜔𝑡
126
𝐹(𝜔) =  〈𝑥(𝑡),𝑒𝑖𝜔𝑡〉 =∫∞
‒∞
𝑥(𝑡)𝑒 ‒ 𝑖𝜔𝑡𝑑𝑡, (2.2)
127
128 where  is the Fourier transform of signal ,  is angular frequency related to Hertz frequency 𝐹 𝑥 𝜔
129  by the relationship ,  is time, and  =  by Euler’s formula. 𝑓 𝜔 = 2𝜋𝑓 𝑡 𝑒𝑖𝜔𝑡 cos (𝜔𝑡) + 𝑖sin (𝜔𝑡)
130 The Fourier transform is applied to the whole signal and therefore assumes stationarity – it will 
131 not provide information regarding local concentrations of energy in the time domain. As such, 
132 the Fourier transform is generally implemented over successive, fixed-length, overlapping 
133 windows of the signal to examine time-varying spectral content through STFT spectrograms. 
134 The STFT at time instant  and angular frequency  is defined as:𝑏 𝜔
135
𝑆(𝜏,𝜔) =  ∫∞
‒∞
𝑥(𝑡)𝑤(𝑡 ‒ 𝑏)𝑒 ‒ 𝑖𝜔𝑡𝑑𝑡, (2.3)
136
137 where  is the signal,  is the window function, usually a Hann or Gaussian window 𝑥(𝑡) 𝑤(𝑡 ‒ 𝑏)





























































139 processing codes (e.g., SAC; Goldstein and Snoke, 2005) use Fourier transforms as the basis 
140 for spectral representations of seismic waveforms.
141
142
143 2.2 WAVELET TRANSFORM
144
145 The wavelet transform is hardly a novel technique in geophysics. Essentially a measure of 
146 similarity between a localised wavelet function and a signal, wavelet transform analysis as we 
147 know it was initially developed for seismic signal analysis in the 1980s (e.g., Goupillaud et al., 
148 1984; Grossmann and Morlet, 1984; Morlet et al., 1982b, 1982a) and underwent great research 
149 and development in the fields of mathematics and engineering during the 1990s (e.g., 
150 Daubechies, 1992), before gaining popularity with applications throughout the sciences. While 
151 the wavelet transform is commonly utilised in ‘conventional’ tectonic and exploration 
152 seismology, its use in volcanology has been less prevalent. Recently, however, wavelet 
153 transform methods have seen a rise in popularity in volcanological studies: e.g., for analysis of 
154 volcano-seismic event cyclicity (Odbert et al., 2014; Vargas-Bracamontes et al., 2009); cross-
155 correlation between seismicity and infrasound or gas emissions (Cannata et al., 2013; Conde 
156 et al., 2016); source localisation in self-potential surveys (Saracco et al., 2004); coherence 
157 between seismic velocity changes and air temperature (Cannata et al., 2017); and peri-volcanic 
158 surface deformation (Shirzaei, 2013). It appears, however, that application of the wavelet 
159 transform to broadband volcano-seismic spectral analysis, where it is particularly well-suited 
160 due to signal non-stationarity, transient feature localisation and the wide-varying frequency 
161 scales of interest, is still limited to only a small number of studies (e.g., Bartosch and Seidl, 
162 1999; Lees and Ruiz, 2008).
163
164 In much the same way as the Fourier transform, the wavelet transform is the measure of 
165 similarity between a signal and a template function, , known as the mother wavelet, at 𝜓(𝑡)
166 varying scales and locations. The key difference is that the template function in the wavelet 
167 transform does not require windowing of the signal, is fast-decaying towards zero (and 
168 therefore localised), and is not restricted to possessing smooth periodic characteristics, such as 
169 the sine or cosine function, allowing for better localised matching of the wavelet and signal. It 
170 should be noted that, despite these localisation properties, the wavelet transform is still subject 
171 to a T-F resolution trade-off that relates to the effective ‘window length’ at a given scale of the 






























































174 The template function, , must satisfy certain mathematical conditions in order to be a 𝜓(𝑡)
175 wavelet. These are:
176




|𝜓(𝑡)|2𝑑𝑡 <  ∞, (2.4)
179
180 where  denotes energy and  is the square of the magnitude of . This condition 𝐸 |𝜓(𝑡)|2 𝜓(𝑡)
181 ensures that the mother wavelet is localised. The space of functions that satisfy this 
182 mathematical condition is denoted .𝐿2(ℝ)
183




𝜓(𝑡)𝑑𝑡 = 0. (2.5)
186
187 More precisely, if  is the Fourier transform of , i.e.,𝜓(𝜔) 𝜓(𝑡)
188
𝜓(𝜔) =  ∫∞
‒∞
𝜓(𝑡)𝑒 ‒ 𝑖𝜔𝑡𝑑𝑡, (2.6)
189





𝜔 𝑑𝜔 <  ∞,
(2.7)
192
193 which implies that the wavelet has zero mean and no zero-frequency component, i.e., 𝜓(0) = 0
194 .  is known as the admissibility constant and is used to recover the total energy in the signal 𝐶𝑔






























































197 To compute the CWT, we can denote the mother wavelet, , in terms of dilation (or scale) 𝜓(𝑡)
198 parameter, , and translation (or location) parameter, , such that𝑎 𝑏
199
𝜓𝑎,𝑏(𝑡) =  𝜓(𝑡 ‒ 𝑏𝑎 ). (2.8)
200
201 The original mother wavelet is given by  and . We can then scale and shift the 𝑎 = 1 𝑏 = 0
202 mother wavelet by changing  and , without the need for windowing the signal.𝑎 𝑏
203
204 The continuous wavelet transform of a signal, , with respect to the mother wavelet, , 𝑥(𝑡) 𝜓𝑎,𝑏(𝑡)
205 is then defined as:
206






208 where  denotes the CWT at scale  and location . When the wavelet correlates well 𝑇(𝑎,𝑏) 𝑎 𝑏
209 with the signal at scale  and location , we get a large magnitude of . Typically, when 𝑎 𝑏 |𝑇(𝑎,𝑏)|
210 performing spectral analysis, one is interested in the energy (or power) of the signal, 𝐸(𝑎,𝑏) =  
211 . A plot of  is sometimes known as a scalogram (Fig. 1), the CWT equivalent |𝑇(𝑎,𝑏)|2 𝐸(𝑎,𝑏)
212 of a Fourier transform spectrogram.
213
214
Figure 1 – Example of CWT scalogram. 1) Raw signal with station name, instrument component and time stamp; 2) Left 
vertical axis is frequency in Hertz (scaled logarithmically); 3) Main ‘scalogram’ yielding T-F estimation of signal (dark values 





























































wavelet scale (‘cone of influence’); 6) Right vertical axis is period in seconds; 7) Average wavelet energy distribution 
(average energy across all time points at each wavelet scale).
215
216
217 In practice, analysis of discretely sampled physical processes, with a given sample rate , 𝛿𝑡
218 requires an approximation using the discretised CWT (e.g., Torrence and Compo, 1998): 
219




𝑥𝑡𝜓 ∗ [(𝑡 ‒ 𝑏)𝛿𝑡𝑎 ]. (2.10)
220
221 In its discretised form, convolution of the signal and wavelet function must be performed  𝑁
222 times (where , the number of time points in the signal) at each wavelet scale, , 𝑏 ∈ 𝑡 = 1, …, 𝑁 𝑎
223 which can become very computationally expensive. The convolution theorem allows us to 
224 perform these product calculations at all time locations  simultaneously for a given wavelet 𝑏
225 scale, , and sample rate, , through the more efficient inverse Fourier transform of the 𝑎 𝛿𝑡
226 product:
227







229 (e.g., Meyers et al., 1993; Torrence and Compo, 1998) where  is the frequency 𝑘 = 0, …, 𝑀 ‒ 1
230 index with , the number of samples in the signal, and  and represent the Fourier 𝑀 = 𝑁 𝑥 𝜓 
231 transform of the signal, , and wavelet template function, , respectively. The angular 𝑥 𝜓
232 frequency  for each  is defined as𝜔𝑘 𝑘
233
𝜔𝑘 = {    2𝜋𝑘𝑀𝛿𝑡 ,  𝑘 ≤𝑀2‒ 2𝜋𝑘𝑀𝛿𝑡 ,  𝑘 > 𝑀2   , (2.12)
234
235 and effectively re-scales the wavelet to accommodate a given sample rate, , returning the 𝛿𝑡






























































238 There also exists a discrete wavelet transform (DWT), which can provide orthonormal 
239 transforms of the original signal, allowing complete and efficient reconstruction of the signal 
240 without redundancy. However, wavelets in the DWT are always scaled by integer powers of 2 
241 (i.e., the scale parameter is , ), providing coarser representations in both the 2𝑗 𝑗 = 1, 2, 3, …
242 frequency and time domains. The CWT is preferred for this study due to its over-completeness 
243 – the wavelet scales and time-shifts can be subdivided so that the wavelet transform can be 
244 conducted ‘continuously’ over the entire set of wavelet scales and time steps, providing finer 
245 frequency and time resolution but at the cost of overlap and correlation between wavelet 





























































247 2.3 MORLET WAVELET
248
249 The choice of wavelets is vast (theoretically infinite; Aguiar-Conraria and Soares, 2011) and 
250 completely dependent on the application (e.g., Schukin et al., 2004). A commonly used 
251 complex wavelet in CWT analysis is the Morlet wavelet, which is used throughout this study 
252 as its periodic sinusoidal form means that wavelet scales can very reasonably be approximated 
253 in terms of Hz frequency and interpretation can therefore be linked to the existing vast body of 
254 work in volcano-seismology based on Fourier frequencies. It is defined as:
255
𝜓𝜔0(𝑡) =  𝜋




257 where  is the Morlet wavelet’s ‘central frequency’ that effectively controls the trade-off 𝜔0
258 between time and frequency resolutions (Fig. 3 bottom),  is the complex sinusoid 𝑒𝑖𝜔0𝑡
259 ,  is a Gaussian window,  is the correction for non-zero cos (𝜔0𝑡) + 𝑖sin (𝜔0𝑡) 𝑒 ‒ 𝑡
2/2 𝑒 ‒ 𝜔0
2/2
260 mean (negligible for ) and  is a normalisation constant.𝜔0 ≥ 5 𝜋 ‒ 1/4
261
262 Conceptually, the Morlet wavelet is similar to the STFT in that it is a (complex) sine wave 
263 within a Gaussian window (Fig. 3 bottom). However, unlike the fixed-length window of the 
264 STFT, where the internal frequency must vary, the ‘window length’ of the Morlet wavelet 
265 changes with wavelet scale so that the number of oscillations within the window remains the 
266 same. The Morlet wavelet’s complex nature, where the real and imaginary parts differ in phase 
267 by a quarter period, is desirable over real-valued wavelets as it also allows phase information 
268 from the signal to be extracted, providing scope to conduct analysis of polarisation attributes 
269 and complex filtering steps in the wavelet domain (e.g., Kulesh et al., 2007).
270
271 The Morlet wavelet can also reasonably be approximated in terms of Fourier frequency, unlike 
272 highly irregular and aperiodic wavelets, where such an approximation can be effectively 
273 meaningless or, even worse, misleading (Meyers et al., 1993). Its simple structure also prevents 
274 additional components or artefacts being generated in wavelet space, as opposed to when using 
275 more complex wavelets (Addison, 2018). The mother wavelet, i.e., the wavelet at scale , 𝑎 = 1
276 is generally assigned a characteristic frequency, , and the Fourier frequency, , for a given 𝑓𝑐 𝑓



































































280 This characteristic frequency may be the spectral peak (Meyers et al., 1993; Torrence and 
281 Compo, 1998) or passband centre (Addison, 2016) of the wavelet’s energy spectrum, or the 
282 wavelet’s central frequency, , expressed in Hz frequency . Throughout this 𝜔0 𝑓0 = 𝜔0 2𝜋





























































284 3 APPLICATION OF CWT TO TYPICAL VOLCANO-SEISMIC SIGNALS
285
286
Figure 2 – Linear-scaled STFT spectrograms (left), log-scaled STFT spectrograms (middle) and CWT scalograms (right) for typical 
volcano-seismic events published in McNutt & Roman (2015) (part one). A) VT earthquake recorded at Kilauea volcano, Hawaii; B) 
Volcanic tremor recorded at Kilauea volcano, Hawaii; C) VLP event recorded at Fuego volcano, Guatemala (horizontal dashed lines are 
12 s and 60 s period bounds); D) Deep LP event recorded at Akutan volcano, Alaska. All STFT spectrograms were produced using 3 s 
Hann window with 99 % overlap, except the VLP event in C) which was produced using a 180 s Hann window and 99 % overlap. All CWT 






























































Figure 2 (cont.) – Linear-scaled STFT spectrograms (left), log-scaled STFT spectrograms (middle) and CWT scalograms 
(right) for typical volcano-seismic events published in McNutt & Roman (2015) (part two). E) Rockfall event recorded at 
Soufrière Hills volcano, Montserrat; F) Dome collapse + explosion recorded at Soufrière Hills volcano, Montserrat; G) LP 
event recorded at Shishaldin volcano, Alaska; H) Hybrid event recorded at Mt. St. Helens volcano, Washington. All STFT 
spectrograms were produced using 3 s Hann window with 99 % overlap. All CWT scalograms were produced using Morlet 






























































289 To assess the performance of CWT scalograms for characterisation of various volcano-seismic 
290 events, and for direct comparison with Fourier transform spectrogram plots, we analysed a 
291 dataset comprising vertical-component seismic data for typical volcano-seismic phenomena, 
292 such as volcano-tectonic events (VTs), very-long-period signals (VLPs), tremor and rockfalls 
293 (Fig. 2). This dataset was originally compiled by McNutt and Roman (2015); all analyses and 
294 plots were produced in R (R Core Team, 2017). Throughout this study we use a square-root 
295 amplitude scale for STFT spectrograms and a fourth-root amplitude scale for CWT scalograms, 
296 except when using solely the imaginary part of the Morlet wavelet in Figures 7, 10 and 11, 
297 where no amplitide scaling is applied. These yield similar relative power of features across the 
298 respective spectra for each method and perform well in the visual representation of broadband 
299 signals over many orders of scale and magnitude. All plots are self-normalised and references 
300 to linear- and log-scaling throughout this study relate to frequency axes, as opposed to 
301 amplitude scaling.
302
303 All seismograms in the original publication by McNutt and Roman (2015) were bandpass 
304 filtered between 0.1 and 10 Hz, with the exception of the Fuego VLP (Fig. 2C), which was 
305 bandpass filtered between 60 and 12 s periods and downsampled from 200 Hz to 25 Hz. 
306 Conversely, in this study, all signals have been left in their raw, original form to facilitate direct 
307 comparison of the inherent linear scale of Fourier spectrogram with the CWT’s inherent log 
308 scale for feature determination across wide ranging frequency scales. Conducting a wavelet 
309 transform between predetermined upper and lower frequency bounds is also essentially a 
310 bandpass filtering process in its own right so prior filtering is not required. The only pre-
311 processing step, therefore, was to subtract the signal mean to reduce the influence of edge 
312 effects on the subsequent spectrograms and scalograms. Although the localisation property of 
313 the CWT means these edge effects generally manifest at the beginning and end of the signal, 
314 large edge effects can diminish the comparative strength of features of interest. Similarly, edge 
315 effects can propogate throughout the whole signal in STFT spectrograms and contaminate large 
316 parts of the spectrum so mean and trend removal is equally necessary. The upper and lower 
317 frequency limits in the log-scale STFT spectrograms and CWT scalograms have been chosen 
318 as the instrument Nyquist and 3 / t Hz (t = total signal length in seconds), respectively.
319
320 A stand-out example from the comparative spectral analyses is the VLP event from Fuego 
321 volcano, Guatemala (Fig. 2C). VLP signals have a spectral period of tens of seconds and range 





























































323 waveforms over several minutes (e.g., Chouet et al., 2008; Chouet and Matoza, 2013; Hill et 
324 al., 2002; Waite et al., 2013). They exhibit strong self-similarity, suggesting a stable, non-
325 destructive source (Chouet et al., 2010; Lyons and Waite, 2011; Waite et al., 2013). Good 
326 characterisation of these signals therefore provides an opportunity to examine eruption 
327 dynamics and exploit this self-similarity from an event detection point of view. Figure 2C 
328 shows (from left to right) linear- and log-scaled STFT spectrograms and a CWT scalogram for 
329 a vertical component trace containing a VLP event with dominant energy between 12 s and 60 
330 s period (0.0833 Hz and 0.0167 Hz respectively), as published by McNutt and Roman (2015). 
331 The horizontal dashed lines in Figure 2C indicate these upper and lower bounds. A window 
332 length of 180 s was used in the STFT to fully encompass signals down to 60 s period.
333
334 First, of note, the use of such a long window has caused extensive horizontal smearing in the 
335 time domain of both the linear- and log-scaled STFT spectrograms (Fig. 2C, left and middle), 
336 rendering the higher frequency bursts of energy completely indistinguishable from one another. 
337 Characterising the higher frequency content using a shorter window, however, would fail to 
338 encompass and characterise the VLP energy at all. The linear representation of the STFT 
339 spectrogram (Fig. 2C, left) is also ill-suited to visualise such long-period signals, regardless of 
340 STFT window length used. The horizontal dashed lines at 12 s and 60 s periods are not visible 
341 in the linear-scaled STFT spectrogram due to their extremely low frequency values. Linear-
342 scaled spectrograms cannot, therefore, be used to ascertain the presence or absence of VLP 
343 signals. The log-scaled representation of the STFT spectrogram shows a pronounced feature 
344 (dark ‘blob’ in Fig. 2C, middle) below 0.05 Hz (20 s period). The relative weight of this VLP 
345 feature is far greater than the signal above 1 Hz and appears to have been greatly exaggerated: 
346 such a strong spectral feature should dominate the raw signal, which is not the case. 
347 Furthermore, the lower frequency bound of this VLP feature is not well constrained, with 
348 strong energy continuing below 0.01 Hz (100 s period), and there is strong horizontal smearing 
349 around the event due to the long window length used.
350
351 The CWT scalogram, in contrast, provides comparatively good characterisation across the 
352 whole spectrum, with the visible bursts of higher frequency energy in the raw signal delineated 
353 very clearly in the higher frequency range (> 1 Hz), and the VLP signal well characterised and 
354 constrained in the lower frequency range (< 0.2 Hz). The VLP signal manifests as a distincitive 
355 funnel shape in the CWT scalogram: this is characteristic of the analytic wavelet encountering 





























































357 scale increases (Addison, 2016). This reveals that the analytic wavelet encounters a sudden, 
358 marked change in ground velocity within the VLP range, rather than a smooth transition. The 
359 distribution of energy plot on the right-hand side of the CWT scalogram shows that energy 
360 remains strong down to around 0.02 Hz (50 s period) before tapering off. CWT scalograms are 
361 known for yielding excellent frequency resolution at very low frequencies, at the cost of 
362 reduced temporal resolution. Thus, it is unsurprising that energy is better constrained in the 
363 frequency domain of the CWT scalogram than in the STFT spectrograms at these very long 
364 periods. The downside to this high frequency resolution is that it can be hard to distinguish 
365 onset/duration, although that is no easier with the STFT spectrogram due to smearing from the 
366 long window length used. The use of a Morlet wavelet with lower central frequency (e.g., 𝜔0
367 ) can greatly improve temporal resolution, but at the cost of greatly reduced frequency = 1
368 resolution (Fig. 3, left; Addison et al., 2002). Conversely, frequency resolution can be 
369 improved further, with even poorer temporal resolution, through use of a higher central 
370 frequency (e.g., ; Fig. 3, right). The central frequency parameter  therefore 𝜔0 = 12 𝜔0
371 effectively controls the width of the wavelet at a given scale and the trade-off between time 
372 and frequency resolution, with values of  between 5 and 6 being most commonly employed 𝜔0
373 (Addison, 2016).
374
375 The strength of this VLP feature, relative to the higher frequency content, in the CWT 
376 scalogram in Figure 2C (right) also appears more appropriate than in the corresponding log-
377 scaled STFT spectrogram, with the average energy being roughly equal to that of the 5-20 Hz 
378 range. It should be noted that the CWT’s inherent bias towards longer period components (Liu 
379 et al., 2007) has been removed in all scalograms in this study. The strongest energy in this 
380 range (i.e., the ‘darkest’ region in the lower half of the CWT scalogram) appears to be between 
381 0.2 and 0.02 Hz (5 and 50 s period, respectively), which is consistent with the range given by 































































Figure 3 – Top: Comparison of CWT scalograms for VLP event using Morlet wavelet with differing central frequencies 
(left:  = 1, middle:  = 5, right:  = 12). Bottom: Corresponding Morlet wavelets at scale a = 1 (solid black line = real 𝜔0 𝜔0 𝜔0
part of Morlet wavelet; dashed blue line = imaginary part of Morlet wavelet; dotted grey line = Morlet wavelet’s Gaussian 
window). Frequency resolution in scalograms (top) improves from left to right, at the cost of reduced time resolution. 
Conversley, time resolution improves from right to left, at the cost of reduced frequency resolution.
385  
386 There are also noticeable characteristic differences between the CWT and STFT approaches 
387 for the other examples of volcano-seismic phenomena in Figure 2; for example, the VT event 
388 from Kilauea volcano in Figure 2A. VTs are analogous to conventional tectonic earthquakes, 
389 in that they are thought to result from abrupt shear-failure or slip, with double-couple source 
390 mechanisms (Chouet and Matoza, 2013), and have dominant energy across 1.5 – 15 Hz (Lahr 
391 et al., 1994). They often occur in swarms (e.g., White and McCausland, 2016) and reflect 
392 shallow subsurface magma intrusion (e.g., Lu et al., 2000; Moran et al., 2011; Roman and 
393 Power, 2011) that in some cases proceeds to eruption (Power et al., 1992; Roman et al., 2006, 
394 2004). The excellent time resolution of wavelet transforms at higher frequencies makes them 
395 conceptually well-suited for characterisation of VT onset times and durations. As such, T-F 
396 characterisation, polarisation attributes (e.g., Kulesh et al., 2007) and onset time determination 
397 (e.g., Bogiatzis and Ishii, 2015) through CWT analysis could aid both manual and automated 
398 classification (e.g., Bicego et al., 2013; Curilem et al., 2016; Hibert et al., 2017; Maggi et al., 






























































401 Time resolution in the CWT scalogram (Fig. 2A, right) is indeed generally very good, at least 
402 above 2 Hz, where the effective ‘width’ of the analytic wavelet becomes shorter than the STFT 
403 window used (based on a 99.8% ‘confidence interval’ of the wavelet’s Gaussian window with 
404 standard deviation  a, the corresponding wavelet scale at a given frequency). Conversely, 𝜎 =
405 the STFT spectrograms show consistent horizontal smearing in the time domain (Fig. 2A, left 
406 and middle) as a result of windowing the signal. The improved time resolution at higher 
407 frequencies in the CWT scalogram does come at the cost of poorer frequency resolution 
408 (vertical smearing), although the dominant frequency components at approximately 1.4, 3.4 
409 and 6.5 Hz are still well delineated, consistent with multi-frequency components that often 
410 characterise VTs (e.g., Hibert et al., 2011; Tary et al., 2014). These are perhaps easier to discern 
411 in the energy distribution plots of the CWT approach than in the corresponding energy 
412 distribution plots to the right-hand side of the linear- and log-scaled STFT spectrograms (Fig. 
413 2A, left and middle). To achieve acceptable temporal resolution in the STFT spectrograms, the 
414 lower frequency range of the VT (i.e., < 1 Hz) is either poorly constrained (log-scaled) or 
415 impossible to discern (linear-scaled). Although, in this case, there is little of interest below 1 
416 Hz, this lack of information could impact on manual or automated classification of such events, 
417 especially when event type is unknown a priori.
418
419 Further evidence of the utility of the CWT can be seen in Figures 2G & H, which show a long-
420 period (LP) event from Shishaldin volcano and ‘hybrid’ event from Mount St Helens, 
421 respectively. Both events are characterised by lower frequency content than VTs (e.g., Bean et 
422 al., 2013; Chouet and Matoza, 2013; Lahr et al., 1994; Fig. 2). This is poorly constrained in the 
423 log-scaled STFT spectrograms, which show strong vertical smearing below 1 Hz, and is not 
424 visible in the corresponding linear-scaled STFT spectrograms. The CWT scalograms, in 
425 contrast, detect spectral peaks around and below 1 Hz, aptly characterise the lower frequency 
426 bounds and still retain high time resolution at higher frequencies, and are thus suitable for both 
427 diverse event classification and onset determination. Similar low frequency characterisation 
428 can be seen with the Kilauea tremor signal in Figure 2B, where the spectral peak between 1 
429 and 2 Hz is tightly constrained in the CWT scalogram whilst maintaining high temporal 






























































432 4 APPLICATION OF CWT TO SANTIAGUITO BROADBAND SEISMIC DATA
433
434 In this section, we evaluate the application of CWT spectral analysis to data recorded during 
435 two campaign studies at Santiaguito volcano in Guatemala (Fig. 4). For consistency, we follow 
436 the nomenclature for volcano-seismic frequency bands used in previous studies at Santiaguito 
437 (e.g., Johnson et al., 2009; Sanderson et al., 2010): ultra-long-period (ULP, 600 – 30 s period), 
438 very-long-period (VLP, 30 – 5 s period), long period (LP, 5 – 1 s period), short period (SP, 1 
439 – 10 Hz) and high frequency (HF, 10 – 50 Hz).
440
441
Figure 4 – Main: Santiaguito volcanic dome complex. Photograph taken from aerial drone to the south. Santa María 
(parent stratovolcano) is obscured by clouds in the background. Insert: Map of seismic stations used in this study. Map 
data copyright Google 2016.
442
443
444 Santiaguito is a volcanic dome complex growing out of the large explosion crater left by the 
445 cataclysmic 1902 plinian eruption of Santa María, one of the largest eruptions of the 20th 
446 century in both magnitude and estimated loss of life (Rose, 1972; Williams and Self, 1983). 
447 The easternmost Caliente vent (Fig. 4) has been in a (partially) ‘open-vent’ state for several 
448 decades (Harris et al., 2003), with continuous blocky lava extrusion and intermittent but 
449 frequent gas-and-ash explosive eruptions (De Angelis et al., 2016; Holland et al., 2011). 
450 Although the underlying mechanism behind Santiaguito’s frequent eruptions is still subject to 





























































452 precursory dome inflation (Johnson et al., 2014), 30 to 60 s of vigorous emissions (Bluth and 
453 Rose, 2004) and pre/syn-eruptive HF, VLP and ULP seismicity (Johnson et al., 2014, 2009; 
454 Sanderson et al., 2010).
455
456 We focus first on ULP events, which have been observed to accompany strombolian (Genco 
457 and Ripepe, 2010), phreatic (Aoyama and Oshima, 2008) and small pyroclastic explosions 
458 (Johnson et al., 2009; Sanderson et al., 2010) and are thought to represent pre/syn-eruptive 
459 deformation of the volcanic edifice. ULP signals tend to appear most strongly on the horizontal 
460 components of broadband seismometers, consistent with a change in apparent acceleration due 
461 to rotation of the instrument’s horizontal axes with respect to the direction of gravity (Genco 
462 and Ripepe, 2010; Wielandt and Forbriger, 1999). The common occurrence of syn-eruptive 
463 ULP signals makes Santiaguito an ideal system at which to assess the CWT’s ability to capture 
464 and characterise simultaneous signal features over wide-ranging frequency scales, including 
465 both the VLP to ULP range (600 – 5 s period) and SP to HF range (1 – 50 Hz), as well as its 






























































468 4.1 STATION LB05
469
470
Figure 5 –Three-component ‘broadband’ scalograms for typical eruption at Santiaguito (station LB05). Top: scalogram 
for near-radial EW component with clearly discernible energy in VLP (5 to 30 s period) and ULP (30 to 600 s period) spectral 
ranges. Middle: scalogram for NS component with discernible energy in ULP range, but not VLP range. Bottom: scalogram 
for vertical component with no discernible energy in ULP or VLP ranges. Clear band of double-frequency (DF) ocean 
microseisms in LP range on all three components. Time duration in each scalogram is 30 minutes. Average wavelet power 
distribution plots on right hand side help identify spectral peaks. Scale bars for CWT amplitudes (with fourth-root scaling) 
given on far right. All scalograms produced with Morlet wavelet (  = 6) and fourth-root amplitude scaling and all plot 𝜔0






























































472 The first set of seismic data from Santiaguito comprises a continuous 24-hour section of 
473 seismic data collected by the School of Environmental Sciences, University of Liverpool, on 
474 30th November 2014 (station LB05, Fig. 4). LB05 hosted a 3-component Nanometrics Trillium 
475 120 s broadband seismometer sampled at 100 Hz and oriented with the east-west (EW) axis 
476 approximately radial to the active Caliente vent. The proximity of the instrument to the vent 
477 (approximately 800 m) provides high SNR ideal for detecting pre/syn-eruptive VLP and ULP 
478 signals beyond the instrument corner frequency and related to inflation-deflation and inferred 
479 pressurisation dynamics seen in previous studies (e.g., Johnson et al., 2009; Sanderson et al., 
480 2010).
481
482 Instrument response deconvolution was undertaken (e.g., Haney et al., 2012) but led to a 
483 consistent very-long-period nonlinear impulse response due to shaking following each 
484 explosion (e.g., Delorey et al., 2008). This apparent impulse response appears to mask the more 
485 pertinent ULP rotational signal components related to the inflation/deflation dynamics of the 
486 volcanic edifice, particularly those prior to each explosion, which are tiny in magnitude by 
487 comparison. Given that a broadband seismometer’s response to tilt dominates over its response 
488 to translational motion at frequencies well below its corner frequency (e.g., Genco and Ripepe, 
489 2010), and we are not attempting to recover the full amplitude of very-long-period translational 
490 displacement signals (e.g., for full waveform inversion or moment tensor estimation), we do 
491 not perform instrument response deconvolution in any of the examples throughout this study.
492
493 Broadband scalograms (i.e., 600 s period to 50 Hz) reveal a 2 – 4 s period site noise running 
494 throughout (Fig. 5, all three components), consistent with global seismic noise levels from 
495 double-frequency (DF) deep ocean and near-coastal microseisms (Bromirski et al., 2013; 
496 Koper and Burlacu, 2015). This band of ‘noise’ effectively (and conveniently) divides the 
497 spectra into two parts: SP-HF frequencies (1 – 50 Hz) and VLP-ULP frequencies (5 – 600 s 
498 period). It also provides a scale for basing the relative energy of other frequency bands, which 
499 can be useful in automated event classification (e.g., Hibert et al., 2017).
500
501 Over the 24-hour period, 27 explosion events were identified through manual inspection of raw 
502 seismic and pseudo-tilt traces. Pseudo-tilt (e.g., Genco and Ripepe, 2010) was derived by: i) 
503 converting units in the raw seismic velocity signal from counts to m/s and integrating to 





























































505 filtered displacement by , where  is the instrument corner frequency (in this case, (2𝜋𝑓0)2 𝑔 𝑓0
506 1/120 Hz) and  is the gravitational constant  9.81. The explosive eruptions recorded by 𝑔 ≈
507 instrument LB05 show self-similar seismic characteristics and are readily identifiable from 
508 CWT scalograms. Both horizontal components show syn-eruptive ULP signals with periods of 
509 around 100 to 500 s. These are clearly visible in the VLP-ULP half of the scalograms in Fig. 5 
510 (EW and NS components only) as ‘dark patches’ and are easily distinguishable from 
511 atmospheric VLP-ULP noise or other volcanic events by their distinctive funnel shapes. Given 
512 that explosions are characterised by both high inflation and deflation rates (Johnson et al., 
513 2014), a sharp change in velocity signal at the point of inflation-deflation transition likely 
514 explains this distinctive funnel shape. Indeed, this feature is highlighted when the CWT is 
515 restricted to just the VLP-ULP range (Fig. 6). Syn-eruptive ULP signals are absent or barely 
516 discernible on the vertical component, with dominant energy on the horizontal components 
517 below the instrument corner frequency, confirming that they are the result of tilt, and therefore 
518 inflation-deflation dynamics of the volcanic edifice, rather than translational horizontal ground 































































Figure 6 –Three-component scalograms for same signal segment as Fig. 5, with spectral range restricted between 5 s 
and 600 s periods. VLP/ULP event dominates spectra on horizontal components but is practically indiscernible on the 
vertical component. Time duration in each scalogram is 30 minutes. Scale bars for CWT amplitudes (with fourth-root 
scaling) given on far right. All scalograms produced with Morlet wavelet (  = 6) and all plot limits are equal across the 𝜔0
three components. 
522
523 The near-radial EW component also consistently detects a spectrally distinct shorter-period 
524 syn-eruptive VLP-ULP signal (typically between 6 and 64 s), which is not present on the north-
525 south (NS) component and is strongly centred on main explosion onset throughout this dataset. 





























































527 this spectral range (Genco and Ripepe, 2010), particularly as you move towards the 
528 instrument’s corner frequency (in this case, 1/120 Hz), so it would be extremely difficult to 
529 deconvolve these two components of motion to determine source without reference from an 
530 independent tiltmeter or greater seismic array coverage.
531
532 The effective width of the wavelet used (central frequency ) in Figures 5 and 6 is too 𝜔0 = 6
533 long at ULP scales, both in timescale and number of oscillations, to accurately characterise the 
534 nature and onset times of these ULP signals. Such long-period low- (or non-)oscillatory 
535 features can be better characterised through use of a Morlet wavelet with a very low central 
536 frequency (Addison et al., 2002). At central frequencies down to , the real part of the 𝜔0 ≈ 1
537 complex Morlet wavelet resembles a dampened Ricker wavelet and the imaginary part 
538 resembles a tapered single cycle of a sine curve (Fig 3 bottom left). The real and imaginary 
539 parts therefore bear a strong similarity to the second order derivative and negative of the first 
540 order derivative of a Gaussian function, respectively (Shao and Ma, 2003). As such, their 
541 wavelet transforms provide smoothed (or ‘denoised’) approximations of the signal’s first and 
542 second order derivatives in the T-F domain (Nie et al., 2002; Shao and Ma, 2003; Fig 7). Such 
543 low-oscillatory wavelets are also deemed more ‘temporal’ in their characterisation of the signal 
































































Figure 7 – Examination of explosion event in Figs 5 and 6 with low-oscillation Morlet wavelet,  = 1. A) Radial 𝝎𝟎
component pseudo-tilt trace derived following method of Genco and Ripepe (2010). B) Raw seismic trace rotated to radial 
component. C) CWT scalogram (imaginary part only) using Morlet wavelet,  = 1. D) Scale-averaged CWT values (self-𝜔0
normalised, solid black line) and negative of bandpass filtered first-order differencing (lag = 2, self-normalised; dashed 
blue line) between 120 and 1800 s. E) CWT reconstructed signal (solid black line), following Torrence and Compo (1998), 
and 2-pass 2-pole Butterworth bandpass filtered signal (dashed blue line) between 30 and 1800 s. CWT scalogram 
restricted between 5 s and 1800 s periods. Green and blue contour lines added in ULP range of scalogram to show regions 
of strongest positive and negative wavelet-signal similarity, respectively. Time duration in scalogram is 30 minutes. No 
amplitude scaling applied to CWT scalogram, with scale bar given on far right.
548
549 Figure 7 examines the explosion signal in Figures 5 and 6 through the lens of a low-oscillation 
550 Morlet wavelet ( ). The original horizontal components have been rotated 20 degrees so 𝜔0 = 1
551 that they are radial and tangential to the active Caliente vent. The main ULP signal now 
552 manifests as an ‘up-down’ feature in the time domain (i.e., a region of strong positive value 
553 followed by a region of strong negative value) with spectral period of around 200 s on the 
554 radial component scalogram in Figure 7C, centred around 1200 s along the horizontal time 
555 axis. This can clearly be seen in the scale-averaged CWT values, which have been restricted 
556 between periods of 120 and 1800 s, in Figure 7D (solid black line) – as expected, these scale-





























































558 range (Fig 7D dashed blue line). The wider peaks in the CWT approximation of the first-order 
559 derivative are likely due to the poorer frequency resolution of low-oscillation wavelets at such 
560 long periods. The ULP onset time (largest amplitude part of dark region, indicated by green 
561 contour lines in Fig 7C) appears to be approximately coincident with the explosion event itself, 
562 which can be more clearly seen in the reconstructed (or, effectively, filtered) signal given in 
563 Figure 7E (solid black line), derived by summing the real part of the CWT and scaling through 
564 a combination of signal sample rate, wavelet scale resolution and wavelet-specific 
565 reconstruction factors to preserve signal energy (Torrence and Compo, 1998), between 30 and 
566 1800 s periods. The reconstructed signal at these long periods appears to exaggerate the 
567 strength of these ULP components when compared against a 2-pass Butterworth filter over the 
568 same frequency range (Fig 7E dashed blue line), albeit with similar waveform structure.
569
570 There is also a weaker, lower frequency ULP spectral component (approx. 0.001 Hz) in the 
571 CWT scalogram (Fig 7C) at around 480 s on the horizontal time axis, approximately 10 minutes 
572 before explosion. This component is coincident with the start of an upward trending inflation 
573 signal in the pseudo-tilt trace (Fig 7A), typical of explosions at Santiaguito and thought to relate 
574 to tilt as a result of volumetric change of a shallow Mogi-type source (e.g., Johnson et al., 2014, 
575 2009). The method of extracting tilt signals from broadband seismometers can be controversial 
576 as long-period signals before a high amplitude impulse can be an artefact of low-pass acausal 
577 filtering (Lyons et al., 2012). However, the presence of this isolated, coincident ULP signal in 
578 the scalogram (Fig 7C), derived independently from the raw velocity signal, confirms that this 
579 apparent inflation process prior to eruption is not an artefact of signal processing. This 
580 precursory ULP also coincides with the start of an oscillatory feature in the reconstructed, or 
581 filtered, signal (Fig 7E) and average CWT values (i.e., first-order derivative; Fig 7D). The pre-
582 eruptive oscillatory feature is weak but just visible in the CWT scalogram (no amplitude 
583 scaling; Fig 7C) between periods of 30 and 200 s. Changes in seismic activity prior to eruptions 
584 at Santiaguito, associated with increased fumarolic jetting and opening of near-surface 
585 fractures, have been observed previously (Johnson et al., 2009). However, without further 
586 instrumentation (seismic, video, infrasound) it is impossible to determine cause in this case.
587
588 The SP-HF components (1 – 50 Hz) of explosion events in this dataset typically last around 1 
589 minute, which is consistent with timescales of vigorous emissions (e.g., Bluth and Rose, 2004). 
590 The corresponding explosion signals in the LP, SP and HF ranges (5 s period to 50 Hz) are best 





























































592 in computation of the wavelet transform itself (Fig. 8). These ‘zoomed-in’ scalograms also 
593 show self-similar eruption characteristics throughout the dataset, with high SNR, emergent 
594 onset, stronger broadband energy arrival (0.5 – 16 Hz) after ~ 5 s, rapidly attenuating higher 
595 frequency components, and LP-style resonance in the coda (roughly 1 – 3 Hz). Spectral peaks 
596 are generally found between 0.5 and 4 Hz on all three components and there are often two or 
597 three distinct high-energy components. This inter-eruptive self-similarity means explosion 
598 events can, in principle, be both manually and automatedly identified through use of 































































Figure 8 –Three-component scalograms for explosion event in Fig. 5, with spectral range restricted between 50 Hz and 
5 s period. Time duration in each scalogram is 4 minutes. All scalograms produced with Morlet wavelet (  = 6) and fourth-𝜔0






























































603 4.2 DATA FROM ‘WORKSHOPS ON VOLCANOES 2016’
604
605
Figure 9 – Three-component ‘broadband’ scalograms for typical eruption during Workshops on Volcanoes at 
Santiaguito, January 2016 (station SAB1). Top: scalogram for EW component with discernible energy across VLP and ULP 
spectral ranges (dark ‘funnel’ shape). Middle: scalogram for NS component with similar VLP/ULP energy as EW 
component. Bottom: scalogram for vertical component with no discernible energy in ULP range. Average wavelet power 
distribution plots on right hand side reveal fewer spectral peaks in LP-SP range than during previous deployment (station 
LB05; Fig. 5). Time duration in each scalogram is 30 minutes. All scalograms produced with Morlet wavelet (  = 6) and 𝜔0































































608 The second dataset obtained for Santiaguito consists of a 48-hour continuous recording of 
609 seismic data from two instruments deployed over a 10-day period in January 2016 (stations 
610 SAB1 and SAB2 in Fig. 4; McKee et al., 2015). These data are available through the IRIS Data 
611 Management Center (see Acknowledgements). A catalogue of eruption times, confirmed either 
612 visually or through infrasound, and other detected seismic events over the 48-hour period was 
613 developed by the authors. Both instruments were 3-component Nanometrics Trillium Compact 
614 PH broadband seismometers, with corner frequencies of 120 s and dataloggers set to 50 Hz 
615 continuous sampling. The instruments were located approximately 1.5 – 1.9 km north-west of 
616 the active Caliente vent and were expected a priori to yield lower amplitude signals with 
617 greater complexity due to attenuation and local/path effects (Anderson et al., 2012). 
618
619 The events in this dataset are generally characterised by lower SNR with prevalent ULP noise 
620 (> 32 s period) throughout. The 2 – 4 s period noise seen in the data from LB05 in November 
621 2014 manifests as 2 – 8 s period noise in this dataset (Fig. 9), which is still consistent with 
622 global ambient microseisms from deep ocean and near-coastal waves (Koper and Burlacu, 
623 2015). Despite considerable background noise, lower amplitude events are still generally 
624 discernible in scalograms without pre-processing or filtering.
625
626 In total, 18 explosive eruptions had been previously confirmed visually or through infrasound. 
627 These were all initially examined using 30-minute broadband scalograms (600 s to 25 Hz; e.g., 
628 Fig. 9) for both stations, SAB1 and SAB2. Of these 18 confirmed eruptions, scalograms for 
629 station SAB1 show 14 clear syn-eruptive ULP signals, of which 8 have both syn-eruptive ULP 
630 and VLP signals consistent with previous eruption characteristics, and with similar SP-HF band 
631 to VLP-ULP band energy ratios. By comparison, only 7 syn-eruptive ULPs, with much lower 
632 amplitude, are initially visible on broadband scalograms for SAB2, of which only two exhibit 
633 both syn-eruptive ULP and VLP signals. However, when scalograms are restricted to the VLP-
634 ULP period range (600 s – 5 s period), the number of visible ULPs at SAB2 increases to 14, 
635 with 8 coincident VLPs (the same as at SAB1). It must be noted, however, that the manner in 
636 which ULPs are deemed ‘visible’ in scalograms is obviously subject to chosen amplitude 
637 scaling (here fourth-root scaled and self-normalised by maximum amplitude across all three 
638 components).
639
640 In contrast to data from the previous deployment (Results 4.1), the dominant energy of ULPs 





























































642 minutes after the onset of an explosion event (Fig. 10), with a period of around 150 - 200 s 
643 (time  1320 s). This is related to a sharp upward (inflation) trend in the pseudo-tilt trace after ≈
644 the typical initial transition from steady inflation to sharp deflation around explosion onset 
645 (Fig. 10A; time  1000 s). This earlier transition has a lower spectral period of around 400 s ≈
646 and weaker spectral amplitude (Fig. 10C). Explosions at Santiaguito are regularly followed by 
647 secondary explosions (on the order of 1 – 3 minutes), so a reasonable, yet speculative, 
648 explanation for the cause of this later ULP component and sharp upward trend is that it reflects 
649 priming of a secondary explosion or more minor degassing. However, further source modelling 
650 and verification is not possible due to limited instrument coverage. Both the inflation-deflation 
651 transition around explosion onset and this later secondary feature are clearly visible in the first-
652 order derivative (Fig. 10D solid black line) and CWT reconstructed (Fig. 10E solid black line) 
653 traces. As with the event in Figure 7, a weaker, even longer period ULP component (around 
654 1000 s period), coincident with the start of an upward inflation trend in the pseudo-tilt trace, is 
655 visible in the CWT scalogram (time  400 s). It is evident that such ULP feature ≈
656 characterisation differs greatly from other seismic event types and could potentially be used to 
657 predict an upcoming explosion given that CWT scalograms with a low-oscillation wavelet do 































































Figure 10 – Examination of explosion event and ‘late’ ULP with low-oscillation Morlet wavelet,  = 1. A) Radial 𝝎𝟎
component pseudo-tilt trace. B) Raw seismic trace rotated to radial component. C) CWT scalogram (imaginary part only) 
using Morlet wavelet,  = 1. D) Scale-averaged CWT values (self-normalised, solid black line) and negative of bandpass 𝜔0
filtered first-order differencing (lag = 2, self-normalised; dashed blue line) between 120 and 1800 s. E) CWT reconstructed 
signal (solid black line), and 2-pass 2-pole Butterworth bandpass filtered signal (dashed blue line) between 30 and 1800 s. 
CWT scalogram restricted between 5 s and 1800 s periods. Green and blue contour lines added in ULP range to show 
regions of strongest positive and negative wavelet-signal similarity, respectively. Time duration in scalogram is 30 minutes. 
No amplitude scaling for CWT scalogram, with scale bar given on far right.
661
662
663 The presence of ULPs/VLPs at these stations is surprising in itself, as both were believed to be 
664 outside the geographic range (around 1.1 km) of these signals at Santiaguito (Sanderson et al., 
665 2010). One possible explanation is that the whole dome complex, and not just the dome 
666 associated with the active Caliente vent, undergoes some degree of inflation-deflation. To 
667 validate the source location of these signals, the SAB1 data were rotated 132 degrees so that 
668 the horizontal components were aligned radially and tangentially to the Caliente vent. The ULP 
669 and VLP signals now appear solely on the radial component (Fig. 11), suggestive of tilt 





























































671 northwest of the active Caliente vent (i.e., along the radial axis from vent to instrument; e.g., 
672 Johnson et al., 2009; Sanderson et al., 2010; Wiens et al., 2005).
673
674 The VLP-ULP signals in this later dataset are more complex than those recorded in the earlier 
675 dataset (Fig. 11), with an initial shorter-period upward ‘spike’ in the VLP range, followed by 
676 the same characteristic convex bump in the ULP range seen previously. While not visible in 
677 the pseudo-tilt trace or first-order signal derivative (both restricted below 120 s period), this 
678 initial spike is clear in the CWT reconstructed signal (Fig. 11E solid black line) and visible in 
679 the VLP range of the CWT scalogram when plotted over a shorter time period. Unlike Figures 
680 7 and 10, a precursory ULP feature marking the start of an upward inflation trend in pseudo-
681 tilt is not readily identifiable across the various CWT traces in Figure 11; however, it may have 
682 an even longer spectral period of > 1800 s, or its spectral amplitude may be too weak to see 
683 without amplitude scaling.
684
685
Figure 11 – Examination of explosion event in Figure 9 with low-oscillation Morlet wavelet,  = 1. A) Radial component 𝝎𝟎
pseudo-tilt trace. B) Raw seismic trace rotated to radial component. C) CWT scalogram (imaginary part only) using Morlet 





























































order differencing (lag = 2, self-normalised; dashed blue line) between 120 and 1800 s. E) CWT reconstructed signal (solid 
black line), and 2-pass 2-pole Butterworth bandpass filtered signal (dashed blue line) between 5 and 1800 s. CWT 
scalogram restricted between 5 s and 1800 s periods. Green and blue contour lines added in ULP range to show regions of 
strongest positive and negative wavelet-signal similarity, respectively. Time duration in scalogram is 30 minutes. No 
amplitude scaling for CWT scalogram, with scale bar given on far right.
686
687
688 Seismic characteristics of explosions within the SP-HF range (1 – 25 Hz) show far greater 
689 variability during this deployment (Fig. 12). Explosions that produce the clearest VLP-ULP 
690 signals have similar SP-HF seismic characteristics to those recorded in the previous 
691 deployment (Results 4.1), although with sharper onsets, longer duration dominant energy and 
692 longer resonance in the coda. Additionally, these signals are often complicated by post-eruptive 
693 tremor ‘bursts’ and rockfalls that are characteristically distinct from explosion signals in CWT 
694 scalograms. Spectral peaks are more tightly focused between 1 and 2 Hz, most likely the result 
695 of path effects and greater attenuation due to greater hypocentral distances between vent and 
696 instruments. Seismic characteristics from some explosions may be difficult to discriminate 
697 from other (probably co-occurring) events, such as rockfalls and harmonic bursts (Fig. 12), but 
698 can often be identified by the presence of ULP +/- VLP signals.
699
700
Figure 12 – Complicated higher frequency explosion signal in Fig. 10. A) Radial component pseudo-tilt trace. B) Raw 
seismic trace rotated to radial component. C) CWT scalogram (power) using complete Morlet wavelet,  = 6. D) CWT 𝜔0





























































Time duration in scalogram is 15 minutes. CWT scalogram produced with fourth-root amplitude scaling, with scale bar 

































































705 5.1 COMPARISON OF CWT SCALOGRAMS AND STFT SPECTROGRAMS
706
707 Modern volcano seismology focuses largely on pattern recognition in volcano-seismic signals, 
708 and modelling source mechanisms based on waveform shapes. Thus any spectral analysis tool 
709 in volcano seismology must be able to fully characterise the various attributes of seismic 
710 signals and discriminate them from background noise. Moving window spectrograms in 
711 McNutt and Roman (2015) adequately decompose signals into T-F space within a relatively 
712 tight band of interest (1 – 10 Hz). When compared with CWT scalograms, however, the 
713 shortcomings of these spectrograms, even within this tight window, become apparent. Most 
714 notably, the short window lengths used to achieve high time resolution in the STFT 
715 spectrograms sacrifice frequency resolution: spectral peaks are less constrained in the STFT 
716 frequency distributions than in the CWT scalogram equivalents (e.g., Figs 2B, F, G and H). 
717 Similarly, longer STFT window lengths, required to encompass VLP and ULP signals, 
718 sacrifice a great degree of time resolution (e.g., Fig 2C), and window lengths would need to be 
719 very long (on the order of hundreds or even thousands of seconds) to adequately characterise 
720 the ULP signals observed throughout this study. The use of such long window lengths also 
721 comes with greater computational cost and memory requirements. Figure 13 shows a 
722 comparison of computational times between the STFT and CWT approaches for varying signal 
723 lengths and number of STFT frequency components (or, equivalently, wavelet scales). A noisy 
724 signal with two main sinusoidal components was generated at different signal lengths (a 
725 doubling in length from 400 to 254800 samples; Fig. 13A) and median computational time 
726 from 5 runs plotted for varying number of frequency components, STFT window lengths and 
727 levels of STFT overlap. STFT spectrograms were computed using a standard R routine 
728 (signal::specgram) and CWT scalograms, with equivalent outputs, were computed using the 




































































A. Example of synethic signal
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B. CWT vs STFT (STFT window length = 2 s)
732
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C. CWT vs STFT (STFT window length = 1/3 x signal length)
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D. CWT vs STFT (STFT window length = 2 s)
733
Figure 13 – Comparison of computational times between CWT and STFT. A) Example of synthetic signal with 50 samples 
per second used for comparisons ( ). B) Comparison of CWT and STFT with 𝑓(𝑡) = 4𝑠𝑖𝑛(16𝑡) + 2𝑠𝑖𝑛(8𝑡) +  𝜀; 𝜀 ~𝑁(0,1)
fixed window length (2 s) for varying signal lengths and levels of STFT overlap. C) Same as B) but with varying STFT window 
length (1/3 x signal length in seconds). Missing points are due to computational operation exceeding memory size. D) 
Comparison of CWT and STFT with fixed window length (2 s) for varying number of STFT frequencies / wavelet scales and 
levels of STFT overlap (signal length fixed at 128 s, or 6400 samples). All points in plots are the median from 5 runs, 
computed on a 2017 iMac with 4.2 GHz Intel Core i7 and 16 GB memory.
734
735
736 When the STFT is conducted at every sample point in a signal with the number of STFT 
737 frequency components equal to number of CWT wavelet scales, the resulting outputs from the 
738 CWT and STFT approaches are of equal dimension (no. of frequencies no. of samples in ×  
739 signal). Under this condition, Figures 13B and C show that the CWT has lower computational 
740 cost than the STFT for all signal lengths (no. of frequency components all equal, ). 𝑛𝑓 = 234
741 However, the advantage of the STFT’s moving window approach is that it need not be 
742 conducted at every sample point and can, instead, be conducted at every nth sample point. Such 
743 a step reduces computational time by a factor of n for fixed window lengths (Fig. 13B), with 
744 the size of the resulting output transform matrix also reduced by a factor of n. However, this 





























































746 representation such as this is completely sufficient and subsequent computational gains may 
747 even be necessary for time-critical processing steps. For STFT window lengths designed to 
748 capture the full spectra of a signal (i.e., down to periods equal to a third of total signal length, 
749 analogous to our CWT analysis in Section 4), the computational cost increases exponentially 
750 with signal length (Fig. 13C) and the corresponding convolutional operations can easily 
751 become too large to fit in memory (missing points at longer signal lengths in Fig. 13C), even 
752 with reduced overlap of STFT windows. By comparison, the computational cost of the CWT 
753 increases linearly with signal length, with convolutional operations on longer signals still able 
754 to fit in memory. The computational cost of increasing frequency components for STFT 
755 spectrograms increases linearly on signals of fixed length, in line with CWT scalograms, up to 
756 a point (Fig. 13C; signal length = 128 s or 6400 samples). However, when the number of 
757 frequency components computed becomes large, the computational cost of STFT spectrograms 
758 increases at a much greater rate, whilst the increase in cost from the CWT approach remains 
759 linear.
760
761 As the 0 – 1 Hz signal range in volcano seismology is becoming increasingly more of interest 
762 with the widespread adoption of broadband seismometers, a log-scaled representation is well-
763 suited to broadband volcano-seismic spectral analysis. The CWT particularly outperforms 
764 spectrograms when representing VLPs or ULPs at frequencies well below 1 Hz. Linear-scaled 
765 spectrograms are clearly not suited to represent signals in the VLP and ULP frequency ranges 
766 (Fig. 2C, left). Even with a log-scale representation, the long window lengths needed to 
767 accommodate VLP and ULP signals greatly reduce time resolution (Fig. 2C, middle) and 
768 therefore cannot accurately characterise both high and very low frequency content. In fact, 
769 finite window length is ill-suited to a log-scale frequency representation in general, as each 
770 grid square (a function of window size and overlap) is vertically stretched at lower frequencies 
771 and vertically squeezed at higher frequencies, whilst retaining constant horizontal width, 
772 significantly reducing frequency and temporal resolution, respectively. This is the crux of the 
773 problem with Fourier transform analysis of volcano-seismic signals, and the biggest single 
774 argument for adoption of CWT analysis. That said, despite the CWT’s localisation properties, 
775 there will always unavoidably be some spectral smearing in scalograms due to their over-
776 completeness and the loose fitting of wavelet scales on either side of the true scale. This can 
777 be somewhat mitigated through frequency reassignment approaches (e.g., Tary et al., 2018), 
778 ideal for signals with isolated, narrow-band frequency components but less well-suited to 





























































780 window transform so time resolution in the lower frequencies will inevitably suffer as effective 
781 window-length increases with wavelet scale. However, when compared with standard Fourier 
782 techniques, the CWT certainly performs well in both these regards.
783
784
785 5.2 EXTENTIONS TOWARDS AUTOMATED EVENT CLASSIFICATION AND 
786 DETECTION
787
788 The inclusion of the average energy distribution with CWT scalograms (plot on right-hand side 
789 of all scalograms and spectrograms in this study) is particularly helpful for identifying spectral 
790 peaks and distinct frequency components, which are often difficult to infer from spectrogram 
791 and scalogram images alone, or even from commonly-employed FFT amplitude plots. 
792 Importantly, the smooth appearance of CWT energy curves retains an unbiased and consistent 
793 estimation of the main spectral peaks (Percival, 1995) whilst providing superior relative 
794 weighting of dominant peaks across wide-ranging frequencies (e.g., VLP signal in Fig. 2C). 
795 The use of task-specific wavelets will correlate better with features of interest, accentuating 
796 these features in the resulting global spectra, which could potentially aid both manual and 
797 automated volcano-seismic event classification. Whilst CWT decompositions (including 
798 amplitude, phase and frequency information) have been used previously for automated event 
799 detection (e.g., Bogiatzis and Ishii, 2015; Karamzadeh et al., 2013) and more complex seismic 
800 signal filtering (e.g., Kulesh et al., 2007), we suggest that CWT attributes in general, together 
801 with their improved discrimination of important signal components and ability to characterise 
802 features across wide-ranging frequencies, would prove particularly useful in machine learning 
803 approaches to volcanic event detection and classification (e.g., Hibert et al., 2017). However, 
804 the differing characteristics between the two Santiaguito datasets illustrates that automated 
805 classification would most likely need to be not only volcano-specific but also station and 
806 activity phase specific. At the same time, subtle station-to-station or temporally evolving 
807 characteristics resulting from CWT processing can help to discriminate path effects, source 
































































812 Given the inherently varying timescales of simultaneously occurring processes at volcanic 
813 systems, from transient, localised events, such as VT earthquakes and rockfalls, to larger-scale 
814 processes, such as magma migration and deformation dynamics, the CWT’s ability to match 
815 the level of detail to process scale is intuitively desirable. In the particular case of volcano-
816 seismology, its capacity to examine/reveal spectral characteristics across a wide range of 
817 timescales make it well-suited to volcano-seismic study, where spectral components of interest 
818 can range from very short period (i.e., > 15 Hz frequency) to extremely long period (i.e., > 600 
819 s period) signals. Furthermore, good T-F resolution across tighter bandwidths, such as the SP 
820 frequency range (1 – 10 Hz), also make it an appropriate tool for typical volcano-seismic event 
821 characterisation, especially when coupled with its corresponding distribution of average 
822 wavelet energy to reveal dominant spectral peaks.
823
824 While the utility of the CWT as a manual screening tool to aid the comprehension and 
825 exploration of volcano-seismic signals is clearly apparent, wavelet transforms can also be used 
826 in the development and, potentially, final deployment of automated algorithms for volcano-
827 seismic analysis. The ability to suitably represent co-occurring signals across many orders of 
828 scale, conduct more complex filtering through phase attributes, and adjust template functions 
829 (i.e., mother wavelets) to suit the purpose of the study, make the CWT an extremely versatile 
830 tool for event classification and interpretation of physical source mechanisms. 
831
832 The ‘edge detection’ capabilities of the CWT also reveal sharp changes in signal, which can be 
833 used in conjunction with the broadband seismometer’s sensitivity to rotational motion to 
834 characterise deformation dynamics at volcanic systems and identify explosion events. 
835 Drawbacks include low time resolution at very low frequencies – as such, CWT analysis may 
836 prove most useful during exploratory stages of analysis, identifying where very low frequency 
837 events occur, characterising their main spectral peaks and relating them to coincident finer-
838 scale processes, before employing causal filters across frequency bands of interest to better 
839 constrain onset, duration and characteristic waveform. 
840
841 The high temporal resolution of less oscillatory wavelets (e.g., Haar wavelet or Morlet wavelet 
842 with low central frequency) also enhance identification of first breaks and characterisation of 





























































844 good approximations of the first- and second-order signal derivatives. Finally, the CWT’s 
845 corresponding distribution of wavelet energy can be used to generate weighting functions from 
846 sections of seismic noise to improve signal-to-noise ratios in subsequent scalograms, or even 
847 the signal itself. Although not used in this paper, other wavelet templates may provide better 
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1055 APPENDIX 1 – R CODE FOR CWT USING MORLET WAVELET
1056
1057 MorletCWT <- function(x, dt, dj, lp, up, omega0=6) {
1058
1059 # x = signal
1060 # dt = sample rate (delta)
1061 # dj = no. of voices per octave (no. of sub-scales)
1062 # lp = lower period ( 1/frequency )
1063 # up = upper period ( 1/frequency )
1064 # omega0 = central frequency of Morlet wavelet
1065
1066     # Original length of signal and length of zero padding:
1067     series.length <- length(x)
1068     N <- 2^ceiling(log2(series.length)) # Next dyadic value
1069     pad.length <- N-series.length
1070     
1071     # Conversion to Fourier freq
1072     f0 = (2*pi)/omega0
1073     
1074     # Convert lower and upper periods to minimum and maximum wavelet scale
1075     min.scale <- lp/f0
1076     max.scale <- up/f0
1077     min.scale.index <- ceiling(log2(min.scale)/dj)*dj
1078     max.scale.index <- floor(log2(max.scale)/dj)*dj
1079     
1080     # Create sequence of wavelet scales
1081     scales <- 2^seq(from=min.scale.index, to=max.scale.index, by=dj)
1082     scales.length <- length(scales)
1083
1084     # Sequence of periods (for plotting)
1085     periods <- f0*scales
1086     
1087     # Computation of angular frequencies - from Torrence & Compo 1998
1088     omega.k.part1 <- 0:(N/2)
1089     omega.k.part1 <- (omega.k.part1*2*pi)/(N*dt)
1090     omega.k.part2 <- ((N/2)+1):(N-1)
1091     omega.k.part2 <- -(omega.k.part2*2*pi)/(N*dt)
1092     omega.k <- c(omega.k.part1, omega.k.part2)
1093     
1094     # Standardise x and pad with zeros
1095     x <- (x-mean(x))/sd(x)
1096     xpad <- c(x, rep(0,pad.length))
1097     
1098     # Compute FFT of xpad
1099     fft.xpad <- fft(xpad)
1100      
1101     # Prepare a complex matrix to accommodate wavelet transform
1102     wave <- matrix(0, nrow=scales.length, ncol=N)
1103     wave <- wave + 1i*wave
1104     
1105     # Computation for each wavelet scale
1106     for (i in (1:scales.length)) {
1107         





























































1109         
1110 # Normalisation factor
1111         norm.factor <- pi^(1/4) * sqrt(2*my.scale/dt)
1112         
1113         # FT of wavelet
1114         expnt.1 <- -( (my.scale * omega.k - omega0)^2 / 2 )
1115         expnt.2 <- -( ((my.scale * omega.k)^2 + omega0^2) / 2 ) # Non-zero mean correction
1116         daughter <- norm.factor * (exp(expnt.1) - exp(expnt.2))
1117         
1118         daughter <- daughter * (as.numeric(omega.k > 0)) # Heaviside step function from T&C 1998
1119         
1120         # Calculate CWT via inverse FFT
1121         wave[i,] <- fft( fft.xpad * daughter, inverse=TRUE) / N
1122     }
1123     
1124     # Cut out the wavelet transform from padded signal
1125     output <- list(wave = wave[,1:series.length], f=1/periods, t=seq(from=dt, to=length(x)*dt, by=dt))
1126     return(output)
1127
1128 }
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